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users’ behavior. This paper presents a comprehensive review of the studies associated with big
data in social media. The study uses Scopus database as a primary search engine and covers 2000
of highly cited articles over the period 2012-2019. The records are statistically analyzed and cat-

February 9, 2019 egorized in terms of different criteria. The findings show that researches have grown exponentially
Keywords: since 2014 and the trend has continued at relatively stable rates. Based on the survey, decision
Social media support systems is the key-word which has carried the highest densities followed by heuristics
Social networking methods. Among the most cited articles, papers published by re-searchers in United States have
Big data received the highest citations (7548), followed by United Kingdom (588) and China with 543 ci-
Big data analytics tations. Thematic analysis shows that the subject nearly maintained an important and well-devel-
Scientometrics oped research field and for better results we can merge our research with “big data analytics” and
Bibliometric “twitter” that are important topics in this field but not developed well.

Bibliometrix R-package © 2019 by the authors; licensee Growing Science, Canada.

1. Introduction

The era of Big Data is underway, computer scientists, physicists, economists, mathematicians, political
scientists, bio-informaticists, sociologists, and other scholars are clamoring for access to the massive
quantities of information produced by and about people, things, and their interactions (Boyd et al., 2012).
Parliamentary office of science and technology in its journal Houses of parliament, number 460 March
2014 write an article and brought some truths about social media and big data: 57% of over-16s in the
UK use social media, generating vast amounts of accessible data. Analyzing social media data can help
organizations understand behaviors and target products and services more effectively. Key applications
include profiling voters and complementing traditional polling, targeting adverts at consumers, credit
scoring and informing policing decisions. There is a debate about how to analyze social media data,
including which methods to use and how to control for biases. Personal data can be shared or sold with
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users’ consent as long as they are anonymized. There are concerns that users are not fully aware of how
their data are being used and that it is often possible to identify individuals from linking anonymized
datasets. Analyzing large quantities of readily available data from social media has created new oppor-
tunities to understand and influence how people think and act. The rate of unstructured data production
on social media makes it difficult to analyze using traditional methods that rely on human analysts. Social
media analytics is a new field of study that is developing automated or semi-automated methods for
analyzing data. Some advocates of big data argue that the sheer size of the datasets reduces, or even
eliminates, the need for established statistical methods such as random sampling, because all the data can
be analyzed. However, in the case of social media data, it only contains data about people that use social
media. In the UK, around 49% of the population use Facebook and 24% use Twitter and not all users
create content. There are concerns that social media data may not represent vulnerable groups in society,
such as the elderly or those from lower income backgrounds. This means that there are significant gaps
in the data, and there are not yet accepted methods for controlling for biases.

This paper presents an overview on studies associated with big data in social media. The study uses
Scopus database as a primary search engine and analyzes the data over the period 2012-2019.

In this article we use science mapping technic with Bibliometrix R-package that performing bibliometric
analysis and building data matrices for co-citation, coupling, scientific collaboration analysis and co-
word analysis on topic of use of big data in social media.

Table 1
The main information and summary
Description Results

Documents 2000
Sources (Journals, Books, etc.) 1077
Keywords Plus (ID) 7500
Author's Keywords (DE) 4496
Period 2012 - 2019
Average citations per documents 8.467
Authors 4979
Author Appearances 6362
Authors of single-authored documents 241
Authors of multi-authored documents 4738
Single-authored documents 296
Documents per Author 0.402
Authors per Document 2.49
Co-Authors per Documents 3.18
Collaboration Index 2.78
Document types
ARTICLE 754
ARTICLE IN PRESS 70
BOOK 34
BOOK CHAPTER 77
CONFERENCE PAPER 900
CONFERENCE REVIEW 37
EDITORIAL 20
ERRATUM 1
LETTER 3
NOTE 19
REVIEW 80
SHORT SURVEY 5

2. About Bibliometrix R-package

Science mapping is complex and confusing because it is multi-step and frequently requires numerous
and diverse software tools. Bibliometrix R-package is a tool for quantitative research in scientometrics
and bibliometrics. Bibliometrix package provides various routines for importing bibliographic data from
Scopus, Clarivate Analytics' Web of Science, PubMed and Cochrane databases, performing bibliometric
analysis and building data matrices for co-citation, coupling, scientific collaboration analysis and co-
word analysis (Aria et al., 2017).
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3. Most cited countries

Our survey demonstrates that United States maintained the most contribution in the field of big data in
social media, followed by United Kingdom and China. Table 2 shows details of our survey.

Table 2

The summary of the contributions of different countries:
Country Total Citations Average Article Citations
USA 7548 19.454
UNITED KINGDOM 588 8.4
CHINA 543 5.902
AUSTRALIA 398 7.96
KOREA 352 6.769
GERMANY 327 10.548
INDIA 282 2.35
ITALY 236 4291
SPAIN 174 6.96
HONG KONG 151 6.04
MALAYSIA 139 6.043
CANADA 130 5.417
POLAND 129 25.8
NETHERLANDS 113 6.647
GREECE 107 5.35
DENMARK 104 5778
TAIWAN 92 3.286
NEW ZEALAND 75 15
SINGAPORE 71 6.455
FRANCE 58 4.143
JAPAN 51 2217
SWEDEN 48 12
AUSTRIA 43 8.6
NORWAY 36 12
INDONESIA 30 2.143
IRELAND 29 7.25
ISRAEL 28 4.667
CZECH REPUBLIC 25 8.333
IRAN 20 6.667
MOROCCO 19 1.9
URUGUAY 19 19
ROMANIA 18 9
ALGERIA 17 17
FINLAND 16 2
PAKISTAN 15 1.875
SAUDI ARABIA 15 2.143
CROATIA 14 7
TURKEY 14 1.167
BRAZIL 10 0.909
MEXICO 9 45
SWITZERLAND 9 225
SRI LANKA 8 4
TUNISIA 8 2.667
CHILE 6 6
CYPRUS 6 15
NIGERIA 6 6
BELGIUM 5 1.667
OMAN 5 5
QATAR 5 25
SOUTH AFRICA 5 0.625

According to Table 2, researchers from USA have published 7548 papers followed by United Kingdom
with 588 papers and China with 543 papers. In terms of the average citation, papers published by re-
searchers in Poland and USA have maintained the highest citations. Fig. 1 shows the results of the col-
laborations among various countries.
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Fig. 1. Word Map collaboration (Social Structure)

As we can observe from the results of Fig. 1, there were strong collaboration from the researchers in
United States from one side and other countries as shown in below:

Table 3
Country collaboration Table

From To Frequency
UNITED KINGDOM 39
TAIWAN 7
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4. Country Scientific Production
One of the interesting areas of the interest is to learn more about the contribution of different countries
in big data in social media. As we can observe from the results of Fig. 2, researchers from USA (1289

papers), China (383 papers), India (305 papers), UK (254 papers) and Australia (175 papers) have con-
tributed the most on big data in social media.

Country Scientific Production

Fig. 2. The frequency of the keywords used in different big data in social media studies
5. Highly cited papers (Most Global Cited Documents)

Table 4 shows a summary of the most cited articles. As we can observe from the results of Table 4, the
study by Boyd et al. (2012) has received the highest citations. The second highly cited work is associated
with Lazer et al. (2014) where they investigated a trap in big data. The third highly cited work belongs
to Kramer et al. (2014) where they proposed an important and emerging area of social science research
that needs to be approached with sensitivity and with vigilance regarding personal privacy issues. Ac-
cording to Stephens et al. (2015), Genomics is a Big Data science and will become much bigger as time
passes on, but we still do not know whether the requirements of genomics will surpass other Big Data
domains. Morone and Makse (2015) stated that big data analyses are associated with the set of optimal
influencers is much smaller than the one forecasted by previous heuristic centralities. According to Bello-
Orgaz et al. (2016) big data plays an essential role for a large number of research areas such as data
mining, machine learning, computational intelligence, information fusion, the semantic Web, and social
networks. The rise of various big data structures such as Apache Hadoop and, more recently, Spark, for
huge data processing has provided an opportunity for an efficient utilization of data mining techniques
and machine learning methods in various domains. Bello-Orgaz et al. (2016) provided a revision of the
new techniques designed to help for active data mining and information fusion from social media and of
the new applications and frameworks which are presently are available under the “umbrella” of the social
networks, social media and big data paradigms. Mohr et al. (2013) concentrated on the barriers and the
costs associated with big data storage and specified that any improvements in the collection, storage,
analysis and visualization of big data could help practitioner better target sales.
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Table 4
The summary of the most cited articles

Paper , Year , Source CJ::iilns peljrgear
BOYD D, 2012, INF COMMUN SOC 1439 205.571
LAZER D, 2014, SCIENCE 739 147.8
KRAMER ADI, 2014, PROC NATL ACAD SCIU S A 731 146.2
STEPHENS ZD, 2015, PLOS BIOL 295 73.75
MORONE F, 2015, NATURE 272 68
BELLO-ORGAZ G, 2016, INF FUSION 212 70.667
MOHR DC, 2013, GEN HOSP PSYCHIATRY 190 31.667
YOUYOU W, 2015, PROC NATL ACAD SCIU S A 176 44
VAN DIJCK J, 2014, SURVEILL SOC 171 34.2
TUFEKCI Z, 2014, PROC INT CONF WEBLOGS SOC MEDIA, ICWSM 152 30.4
WOOD SA, 2013, SCI REP 151 25.167
CRAMPTON JW, 2013, CARTOGR GEOGR INF SCI 150 25
XIANG Z, 2015, INT ] HOSP MANAGE 133 33.25
RUSSELL NEUMAN W, 2014, ] COMMUN 130 26
MOCANU D, 2013, PLOS ONE 126 21
KHOURY MJ, 2014, SCIENCE 124 24.8
EICHSTAEDT JC, 2015, PSYCHOL SCI 122 30.5
KRAWCZYK B, 2016, PROG ARTIF INTELL 109 36.333
CHAE B, 2015, INT J PROD ECON 109 27.25
BRUNS A, 2013, AM BEHAV SCI 103 17.167
PARK G, 2015, J PERS SOC PSYCHOL 99 24.75
HERLAND M, 2014, ] BIG DATA 95 19
LEEFLANG PSH, 2014, EUR MANAGE J 94 18.8
ZHENG Y, 2014, UBICOMP - PROC ACM INT JT CONF PERVASIVE 91 182
UBIQUITOUS COMPUT

PROCTER R, 2013, INT J SOC RES METHODOL 90 15
BIAN J, 2012, INT CONF INF KNOWLEDGE MANAGE 88 12.571
HAY SI, 2013, PLOS MED 87 14.5
LIU C, 2014, IEEE TRANS PARALLEL DISTRIB SYST 82 16.4
GOLDER SA, 2014, ANNU REV SOCIOL 78 15.6
SHELTON T, 2015, LANDSC URBAN PLANN 73 18.25
TUFEKCI Z, 2014, FIRST MONDAY 73 14.6
SHELTON T, 2014, GEOFORUM 72 14.4
LAM W, 2012, PROC VLDB ENDOW 72 10.286
WATSON HJ, 2014, COMMUN ASSOC INFO SYST 71 14.2
BRAVO-MARQUEZ F, 2014, KNOWL BASED SYST 71 14.2
HASAN S, 2014, TRANSP RES PART C EMERG TECHNOL 67 134
BAIL CA, 2014, THEORY SOC 67 13.4
BURNAP P, 2015, POLICY INTERNET 65 16.25
DRISCOLL K, 2014, INT ] COMMUN 64 12.8
O'DEA B, 2015, INTERNET INTERV 63 15.75

KENNEY M, 2016, ISSUES SCI TECHNOL 62 20.667
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MARINE-ROIG E, 2015, ] DESTIN MARK MANAGE
SINGH S, 2012, PROC - INT CONF COMMUN , INF COMPUT TECHNOL
,ICCICT

CHIANG RHL, 2012, ACM TRANS MANAGE INF SYST

YOUNG SD, 2014, PREV MED

STIEGLITZ S, 2014, BUSIN INFO SYS ENG

HE W, 2015, INF MANAGE

WHITTINGTON R, 2014, ] STRATEGIC INFORM SYST

VATSAVAIRR, 2012, PROC ACM SIGSPATIAL INT WORKSHOP ANAL
BIG GEOSPATIAL DATA, BIGSPATIAL

COMPTON R, 2015, PROC - IEEE INT CONF BIG DATA, IEEE BIG DATA
YANG M, 2015, ] BIOMED INFORMATICS

BLISS CA, 2012, ] COMPUT SCI

RAM S, 2015, IEEE J BIOMEDICAL HEALTH INFORMAT
SMITH M, 2012, IEEE INT CONF DIGIT ECOSYST TECHNOL
BAKER TB, 2014, ] MED INTERNET RES

LIU X, 2013, LECT NOTES COMPUT SCI

YAQOOB I, 2016, INT J INF MANAGE

ISHWARAPPA 1, 2015, PROCEDIA COMPUT SCI

MARIANI MM, 2016, TOUR MANAGE

BUHALIS D, 2015, J DESTIN MARK MANAGE

ARAGON P, 2013, POLICY INTERNET

PROCTER R, 2013, POLICING SOC

HAUSTEIN S, 2016, SCIENTOMETRICS

XIE H, 2014, NEURAL NETW

MORONE F, 2016, SCI REP

PAPACHARISSI Z, 2016, INF COMMUN SOC

HANSEN MM, 2014, YEARB MED INFORM

WHITE M, 2012, BUS INF REV

BAYM NK, 2013, FIRST MONDAY

ZHONG E, 2012, PROC ACM SIGKDD INT CONF KNOWL DISCOV
DATA MIN

BENTLEY RA, 2014, BEHAV BRAIN SCI

OU M, 2013, PROC ACM SIGKDD INT CONF KNOWL DISCOV DATA
MIN

WU KJ, 2017, J CLEAN PROD
YANG W, 2015, PROC NATL ACAD SCIU S A
COUPER MP, 2013, SURV RES METHODS

LOHRMANN B, 2015, PROC INT CONF DISTRIB COMPUT SYST

ARTIKIS A, 2012, PROC ACM INT CONF DISTRIB EVENT-BASED SYST
, DEBS

BAIL C, 2014, TERRIFIED: HOW ANTI-MUSLIM FRINGE ORGAN BE-
CAME MAINSTREAM

CAO G, 2015, COMPUT ENVIRON URBAN SYST
HU H, 2015, IEEE NETWORK

BURNS R, 2015, GEOJOURNAL

JIANG B, 2015, PROF GEOGR
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DE FRANCISCI MORALES G, 2013, WWW COMPANION - PROC INT

CONF WORLD WIDE WEB = 9.3
JIANG W, 2015, PLOS ONE 34 8.5
FERNANDEZ-LUQUE L, 2015, HEALTHC INFORMATICS RES 34 8.5
ALI A, 2015, INT J ADV SOFT COMPUT APPL 34 8.5
FLEURENCE RL, 2014, HEALTH AFF 33 6.6
HU H, 2014, IEEE MULTIMEDIA 33 6.6
MARTIN-SANCHEZ F, 2014, YEARB MED INFORM 32 6.4
BRUNS A, 2013, FIRST MONDAY 32 5.333
CIULLA F, 2012, EPJ DATA SCI 32 4.571
HUDA M, 2018, INT J EMERG TECHNOL LEARN 31 31
LIU SQ, 2017, INT J HOSP MANAGE 31 15.5
WILLIAMS ML, 2016, BR J CRIMINOL 31 10.333
TSOU MH, 2015, CARTOGR GEOGR INF SCI 31 7.75
BEAM AL, 2018, JAMA 30 30
JIANG B, 2015, CITIES 30 75
PALDINO S, 2015, EPJ DATA SCI 30 75
ROSS MK, 2014, YEARB MED INFORM 30 6
KEPNER J, 2013, IEEE HIGH PERFORM EXTREME COMPUT CONF ,

HPEC 30 >
OBOLER A, 2012, FIRST MONDAY 30 4.286
MIAH SJ, 2017, INF MANAGE 29 14.5
CONWAY M, 2017, STUD CONFL TERRORISM 29 14.5
EDITORIAL DEPARTMENT OF CHINA JOURNAL OF HIGHWAY 59 9667
EDCJH, 2016, ZONGGUO GONGLU XUEBAO

DE MAIO C, 2016, INF FUSION 29 9.667
LIMA ACES, 2015, APPL MATH COMPUT 28 7
GITTELMAN 8, 2015, J MED INTERNET RES 28 7
JIANG K, 2013, LECT NOTES COMPUT SCI 28 4.667
MILLER HJ, 2013, J TRANSP GEOGR 28 4.667
STIEGLITZ S, 2018, INT J INF MANAGE 27 27
ORDENES FV, 2017, ] CONSUM RES 27 13.5
LEVIN N, 2015, ECOL APPL 27 6.75
FRIED D, 2015, PROC - IEEE INT CONF BIG DATA, IEEE BIG DATA 27 6.75
SHARMA S, 2014, DATA SCI J 27 5.4
HUSSAIN A, 2014, LECT NOTES COMPUT SCI 27 5.4
DEDE E, 2013, IEEE INT CONF CLOUD COMPUT , CLOUD 27 4.5
WILLIAMS ML, 2017, BR ] CRIMINOL 26 13
KHARE R, 2016, BRIEF BIOINFORM 26 8.667
LEV-ON A, 2015, GOV INF Q 26 6.5
PEEK N, 2014, YEARB MED INFORM 26 5.2
KIM HS, 2015, ] COMMUN 25 6.25
FULGONI G, 2014, J ADVERT RES 25 5
HUANG Y, 2016, COMPUT ENVIRON URBAN SYST 24 8
CULOTTA A, 2016, MARK SCI 24 8
DEHGHANI M, 2016, J EXP PSYCHOL GEN 24 8
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STEPHANSEN HC, 2014, INF COMMUN SOC 24 4.8
SIKOS LF, 2015, MASTERING STRUCTURED DATA ON THE SEMAN-

TIC WEB: FROM HTMLS5 MICRODATA TO LINKED OPEN DATA 23 373
JIANG B, 2015, GEOJOURNAL 23 5.75
YOUNG SD, 2015, PREV MED 23 5.75
KAFEZA E, 2014, PROC - IEEE INT CONGR BIG DATA, BIGDATA

CONGR 23 4.6
SANG ETK, 2013, COMPUT LINGUIST NETHERLANDS J 23 3.833
SINGH VK, 2012, MM - PROC ACM INT CONF MULTIMEDIA 23 3.286
PARK SB, 2016, J TRAVEL TOUR MARK 22 7.333
WILSON MW, 2015, CULT GEOGR 22 5.5
KEPNER J, 2014, IEEE HIGH PERFORM EXTREM COMPUT CONF ,

HPEC 22 4.4
RIBARSKY W, 2014, COMPUT GRAPHICS (PERGAMON) 22 4.4
CAIl Y, 2014, NEURAL NETW 22 4.4
MCKELVEY K, 2014, INF COMMUN SOC 22 4.4
CAIl J, 2017, REMOTE SENS ENVIRON 21 10.5
CARLEY KM, 2016, SAF SCI 21 7
ULDAM J, 2016, NEW MEDIA AND SOCIETY 21 7
ZHU W, 2015, IEEE MULTIMEDIA 21 5.25
IMMONEN A, 2015, IEEE ACCESS 21 5.25
WOOD D, 2014, FRONT NEUROINFORMATICS 21 4.2
BAKILLAH M, 2014, BIG DATA: TECHNIQUES AND TECHNOLOGIES 1 49
IN GEOINFORMATICS ’
SLAVAKIS K, 2014, IEEE SIGNAL PROCESS MAG 21 4.2
KERN ML, 2014, DEV PSYCHOL 21 4.2
BANSAL §, 2016, J INFECT DIS 20 6.667
SHARMA S, 2016, FUTURE GENER COMPUT SYST 20 6.667
KWOK L, 2016, INT ] CONTEMP HOSP MANAGE 20 6.667
BAGHERI H, 2015, INT J ELECTR COMPUT ENG 20 5

6. The most common keywords

Table 5 demonstrates some of the mostly cited references associated with big data in social media. As
we can observe from the results of Table 5, big data, social media and social networking (online) are
three well recognized keywords used in the literature. Fig. 3 shows the most important words used over
times.

Table 5

The most popular keywords used in studies associated with big data in social media
Words Occurrences Words2 Occurrences3
big data 1139 data privacy 43
social media 836 marketing 43
social networking (online) 811 big data analytics 42
data mining 445 social media analysis 41
human 180 data analytics 40
internet 157 disasters 40
sentiment analysis 152 information retrieval 40
data handling 145 male 40
artificial intelligence 142 female 39
learning systems 133 procedures 39

twitter 132 data analysis 38
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humans 121 facebook 38
social media datum 115 sales 38
decision making 114 social sciences computing 38
natural language processing systems 106 data set 36
digital storage 91 internet of things 36
semantics 91 location 36
information management 89 population statistics 36
article 80 text mining 36
classification (of information) 80 clustering algorithms 34
behavioral research 79 surveys 34
cloud computing 71 information systems 33
forecasting 69 on-line social networks 32
priority journal 65 health 31
commerce 60 risk assessment 31
united states 57 database systems 30
hadoop 55 decision support systems 30
data visualization 54 machine learning 30
visualization 54 unstructured data 30
social media platforms 52 websites 30
big datum 50 world wide web 30
distributed computer systems 49 computational linguistics 29
natural language processing 49 medical informatics 29
social network 49 neural networks 29
map-reduce 48 online social medias 29
public health 47 search engines 29
social media analytics 47 china 28
learning algorithms 46 linguistics 28
algorithms 45 privacy 28
information processing 45 data processing 27
text processing 45 deep learning 27
health care 44 online systems 27
information analysis 44 statistics 27
information dissemination 44 geographic information systems 26
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Fig. 3. The frequency of the keywords used in different big data in social media
7. Word Dynamics

Word dynamic graph prepared on keywords helps us learn more about the keyword dynamics over time.
Their growing or declining trend can help us choose a better topic in any survey. There are two types of
keywords: Author keywords and Keywords plus. Author keywords are the ones that authors state in their
articles and keyword plus are the results of the Thomson Reuters editorial expertise in science. What they
do is to review the titles of all references and highlight additional relevant but overlooked keywords that
were not listed by the authors or publishers. With keywords plus, it is possible to uncover more papers
that may not have appeared in a search due to changes in scientific keywords over time.
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Word Growth

Cumulate occurrences (loess smoothing)

2018
Year

Fig. 4. Keywords plus dynamic view over time

As we can observe from the results of Fig. 4, big data, social media, social network (online) and data
mining, show good growth in the chart unlike sentiment analysis and internet.

8. Conceptual structure, Co-occurrence network

A keywords co-occurrence network (KCN) focuses on understanding the knowledge components and
knowledge structure of a scientific/technical field by examining the links between keywords in the liter-
ature. Fig. 5 focuses on the analysis methods based on KCNs, which have been used in theoretical and
empirical studies to explore research topics and their relationships in selecting scientific fields. If key-
words are grouped into the same cluster, they are more likely to reflect identical topics. Each cluster has
different number of subject keyword.
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Fig. 5. Co-occurrence network (2012-2019) Fig. 6. Co-occurrence network (2012-2016)

To see the growth and the evolution of this network more tangibly, Fig. 6 shows the same graph over the
period 2012-2016 (beginning of the survey until the first significant growth of articles production).

9. Thematic Map (Well developed or not? Important or not?)

When co-word analysis is used for mapping science, clusters of keywords and their interconnections are
obtained. These clusters are considered as themes. Each research theme obtained in this process is char-
acterized by two parameters; namely “density” and “centrality”. Both median and mean values for den-
sity and centrality can be used in classifying themes in to our groups. In a theme, the keywords and their
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interconnections draw a network graph, called a “thematic network” that “centrality” is horizontal axis
and “density” is vertical axis in it. In a network, if the node has a large amount of relations with others,
it has a higher centrality and lies in an essential position in the network. Centrality is therefore used to
measure the correction degree among different topics. Similarly, a higher density means higher cohe-
siveness or equals the higher internal correlation degree among nodes. The density of a research field
represents its capability to maintain and develop itself. Thematic map is a very intuitive plot and we can
analyze themes according to the quadrant in which they are placed. Upper-right quadrant is motor-
themes, lower-right quadrant is basic themes, lower-left quadrant is emerging or disappearing themes,
upper-left quadrant is very specialized/niche themes. Themes in the upper-right quadrant are both well
developed and important for the structuring of a research field such as “big data” and “big data analytics”.
Themes in the upper-left quadrant have well developed internal ties but unimportant external ties and so
are of only marginal importance for the field such as “social network”. Themes in the lower-left quadrant
are both “weakly developed and marginal”, mainly representing either emerging or disappearing themes
such as “social media” and “Hadoop”. Themes in the lower-right quadrant are “important for a research
field but are not developed”, so this quadrant groups transversal and general, basic themes such as “twit-
ter”. Thematic analysis shows that for better results we can merge our research focus with “big data
analytics” and “twitter” that are important topics in this field but not developed well.
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z
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:
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Fig. 7. Thematic Map
10. Intellectual Structure, Historiograph

The historiographic map is a graph proposed by Garfield to represent a chronological network map of
the most relevant direct citations resulting from a bibliographic collection. The citation network tech-
nique provides the scholar with a new modus operandi which may significantly affect future historiog-
raphy.
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Histarical Direct Citation Network
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Fig. 8 shows Boyd (2012), Wood (2013), Hay (2013) and Crampton (2013) were the beginner of new
trends at their own time. The direction of the arrows in Fig. 8 explains the chronicle change of research
trends from the past. Research accomplished by Boyd (2012) was about the effects of big data on
knowledge. Crampton (2013), Kramer (2014), Hassan (2014), Shelton (2015) and Vatrapu (2016) pro-
vided more development on big data. Wood (2013) tried to understand which elements of nature influ-
ence more on people to locations around the globe, and whether changes in ecosystems could alter visit-
ation rates. Hay (2013), in his research used big data approaches to routinely map all of vast majority of
infectious diseases of clinical significance. It would be of public health benefit to map about half of
conditions. Research of Crampton (2013) presented an overview and initial results of a geoweb analysis
designed to provide the foundation for a continued discussion of the potential impacts of ‘big data’ for
the practice of critical human geography. They believed while Haklay’s (2012) observation that social
media content is generated by a small number of ‘outliers’ is correct. They could explore alternative
methods and conceptual frameworks that might allow for one to overcome the limitations of previous
analyses of user-generated geographic information.

11. Conclusion

This study has tried to provide a comprehensive review of the studies published in the literature associ-
ated with big data in social media. The study has indicated that this field has been popular mostly among
researchers in USA, China, India, UK and Australia. The study has also indicated that while researchers
from USA and UK published a relatively high number of papers, they were also successful to publish
highly cited papers. Many big data in social media studies have dealt with combinatorial optimization
techniques and our survey has concluded that meta-heuristics methods have been popular among re-
searchers to locate the near-optimal solutions. We hope this study could guide other researchers find
important research gaps.
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